Introduction
Group-III nitrides are important materials for optoelectronic and power devices. Since vacancytype defects often play a critical role in device performances, we have been investigating such defects by the positron annihilation technique [1, 2, 3] . As is well known, the positron annihilation technique is a powerful tool to study vacancy-type defects in various solids [4, 5] . Alloying is one of the key technologies for semiconductor devices by controlling the band gap and/or the lattice parameters. In alloy semiconductors, atomic sites are not equivalent to one another because of randomness. In our previous studies, we calculated positron annihilation S and W parameters as well as positron lifetimes τ for 64 types of cation mono-vacancies and those for 104 types of cation-nitrogen di-vacancies among 256 possibilities in In 0.5 Ga 0.5 N [2, 3] . In the present study, we have completed calculations for the rest of the di-vacancies and calculated positron annihilation parameters for mono-and di-vacancies in Al 0.5 Ga 0.5 N also.
Computational details
For calculations of positron states and annihilation parameters, we used our computational code QMAS (Quantum MAterials Simulator), which is based on the plane-wave basis and the projector augmented-wave (PAW) method [6] . Ternary semiconductors were modeled as random alloys by the special quasirandom structure (SQS) approach [7] . Their lattice parameters and high-frequency dielectric constants were evaluated by averaging experimental values for binary systems. Further details are described in Ref. [2] . For data-scientific analyses, we used the lm() Among 4 nitrogen atoms around a cation mono-vacancy, one nitrogen shows a different geometry from those for the rest because of the wurtzite structure. We therefore divided 256 patterns of di-vacancies into two subgroups consisting of 64 and 192 patters (denoted as SG1 and SG2), respectively. Surrounding 12 cations should be classified into two categories depending on the positron of the vacant nitrogen site V N (a part of di-vacancy). For the di-vacancy case, the following 5 descriptors were chosen: x1 Ga , Ga concentration among 3 cations adjacent to V N , x2 Ga , that among the other 9 cations, d N , average distance of 3 nitrogen atoms from the center of tetrahedron formed by 3 nitrogen atoms and the center of 3 cations, d1 C , average distance of 3 cations from the center of the tetrahedron, d2 C , that of the other 9 cations. In 
Multiple linear regression with pre-optimized structural parameters
To obtain descriptors d N and d C , structural optimization is required and its computational cost is significant. We tried to predict positron annihilation parameters using pre-optimized structures, which are the SQS-modeled vacancy-free structures with internal atomic positions fully-relaxed.
As a first attempt, we replaced d N and d C with values evaluated on the vacancy-free structures but, as a matter of course, it was not successful. The degree of structural relaxation accompanied with the vacancy creation is crucial for the prediction of positron annihilation parameters. It is not determined solely by the distances from the vacancy site. Considering that the structural optimization is performed using force values acting on the constituent atoms, we added two more descriptors f N and f C , which are force components of 4 nitrogen atoms and 12 cations toward the vacancy just after removal of the cation. One-shot calculations of the force components require much less computational time than full optimization. Thus, the following 5 descriptors were chosen: x Ga (exactly the same as the above), d b N , average distance of 4 nitrogen atoms from the cation to be removed to create a mono-vacancy on the vacancy-free structure, d b C , average distance of 12 cations from the cation, f N , average force component of 4 nitrogen atoms toward the vacancy just after removal of the cation, f C , average force component of 12 cations toward the vacancy.
To construct regression models, we must know several correct answers for target parameters (S,W ,τ ). Full structural optimization is required to obtain them. We call the selected datasets "training set". To assess the minimal number of datasets for constructing regression models, we evaluated RMSE values as a function of the number of datasets in the training set n. As training sets, in order of d b N , the 1st. k + 1st, 2k + 1st, 3k + 1st,... (k = 2, 3, 4, 5, 6, 7, 9) and 64th datasets among the 64 datasets are chosen. Figure 4 represents training-set size dependence of RMSE values of positron annihilation parameters for mono-vacancies. The results at n = 64, where all the datasets were used to construct the regression models, are not much different from those obtained using fully-optimized structures. Down to n = 17, RMSE values are similar to those at n = 64. Even with the pre-optimized structures, the regression models were successfully constructed using about 1/4 of the total datasets.
For the di-vacancy case, similar replacements of descriptors to those in the mono-vacancy case were made. The resultant descriptors are x1 Ga (exactly the same as the above), x2 Ga (exactly the same as the above), d b N , average distance of 3 nitrogen atoms from the cation to be removed on the vacancy-free structure, d1 b C , average distance of 3 cations from the cation, d2 b C , that of the other 9 cations, f N , average force component of 3 nitrogen atoms toward the cation vacancy just after removal of the cation-nitrogen pair f 1 C , average force component of 3 cations, f 2 C , that of the other 9 cations. In Fig. 5 , training-set size dependence of RMSE values is shown. Even at n = 64 for the SG1 and at n = 192 for the SG2, RMSE values are significantly worse than those for predictions from the optimized structures especially for W . It shows room for improvement in choosing descriptors. Despite this situation, at most 3 % errors are often acceptable depending on purposes. Again, utilization of about 1/4 of the total datasets brings similar results to those obtained using all the datasets.
Summary and concluding remarks
Close relationships between positron annihilation parameters and structural parameters are confirmed for mono-and di-vacancies in Al 0.5 Ga 0.5 N and In 0.5 Ga 0.5 N. It is shown that positron annihilation parameters are predictable by constructing multiple linear regression models with descriptors from the pre-optimized structures and that about 1/4 of the total datasets are sufficient to prepare the training set though there is room for improvement in choosing descriptors in the di-vacancy case. In future, the present study will be extended utilizing nonlinear regression techniques such as the Gaussian process. 
